Increasing the use of electric vehicles (EVs) has been suggested as a possible method to decrease fuel consumption and greenhouse gas (GHG) emissions in an effort to mitigate the causes of climate change. In this study, the relationship between the market share of electric vehicles and the presence of government incentives, and other influential socio-economic factors were examined. The methodology of this study is based on a cross-sectional/time-series (panel) analysis. The developed model is an aggregated binomial logit share model that estimates the modal split between EV and conventional vehicles for different U.S. states from 2003 to 2011. The results demonstrated that electricity prices were negatively associated with EV use while urban roads and government incentives were positively correlated with states' electric vehicle market share. Sensitivity analysis suggested that of these factors, electricity price affects electric vehicle adoption rate the most. Moreover, the time trend model analysis found that the electric vehicle adoption has been increasing over time, which is consistent with theories about diffusion of new technology.
Introduction
In order to increase the sustainability of transportation systems, it will be necessary to reduce GHG emissions, air pollution and dependence on fossil fuels. The solutions to these problems depend largely on the policies that can reduce U.S. gasoline consumption. Such solutions include driving less, purchasing more fuel-efficient vehicles and using alternative fuel vehicles (e.g. Bagherian et al., 2016; Asgari et al., 2014; Asgari and Jin, 2015; Soltani-Sobh et al., 2015; Talebpour et al., 2015; Soltani-Sobh et al., 2016a) .
Electric vehicles (EVs) are one possible innovation to help address energy dependency and environmental concerns. EV adoption is heavily dependent on certain external factors such as stringent emissions regulations, rising
Electric vehicles (EVs) are one possible innovation to help address energy dependency and environmental concerns. EV adoption is heavily dependent on certain external factors such as stringent emissions regulations, rising gasoline prices and financial incentives (Eppstein et al., 2011; Nie et al., 2016) . Similar to any new technology, there are barriers to adoption, including lack of knowledge, low consumer risk tolerance and high initial production cost (Jaffe and Stavins, 1994; Stoneman et al., 1994; Argote and Epple, 1990) .
Social issues are challenging factors that should be considered in the commercial success of EVs. Ozaki and Sevastyanova (2011) determined that consumer acceptance is crucial to the continued success of sustainable transportation. Diamond (2009) summarized some common barriers to the adoption of any new technology as lack of knowledge by potential adopters, high initial costs and low tolerance risk. Hidrue et al. (2011) identified a high level of education, income and environmentalism as consumer characteristics with positive effects on EV adoption. Fuel price has been introduced as an influential predictor of alternative fuel vehicle adoption (Soltani-Sobh et al., 2016; Eppstein et al., 2011) . The combination of fuel price and electricity prices makes up the majority of EV operating expenses, and these two factors are positively correlated with the likelihood of EV adoption (Zubaryeva et al., 2012) . In some studies, the availability of charging infrastructures was identified as an important criterion in consumer acceptance of alternative fuel vehicles (e.g. Ghamami et al., 2014; Yeh, 2007; Struben and Sterman, 2008; Egbue and Long, 2012) .
In order to overcome barriers, different states have established a number of consumer incentives for adopting EVs. Literature reviews on the effect of incentives on adoption of alternative fuel vehicles present conflicting results. Sierzchula et al. (2014) found financial incentives to be significantly and positively correlated to a country's EV market share, whereas Zhang et al. (2014) showed insignificant correlation between financial incentives and an individual's willingness to buy EVs. Thus, analyzing other factors affecting electric vehicles share is imperative.
The purpose of this study is to examine and analyze the significance and strength of state incentives and other significant socioeconomic factors in promoting EV adoption. A cross-sectional time-series analysis was conducted on the number of EV statistics over time. Data from individual states was used to test the relationship between EV adoption and variety of variables. The available EV data are an aggregated number of EVs for different states over time. The developed model is an aggregated binomial logit share model that estimates the modal split between EV and conventional vehicles for different states in the U.S. over time.
Methodology
The methodology for this study is based on development of the modal split model between electric vehicles and other fuel type vehicles (mainly conventional vehicles). The annual share of electric vehicles as aggregate data is considered as the dependent variable with a value between 0 and 1.
Macroscopic Logit Model for Cross-Sectional Model
There have been extensive bodies of research on the application of various mathematical, statistical and econometric models in science and engineering (e.g. Pour-Rouholamin and Zhou, 2016a; Pour-Rouholamin and Zhou, 2016b; Jin et al., 2014; Vaziri et al., 2014; Esfahanian et al., 2015; Ahmadi and Merkley, 2009; Hassan-Esfahani et al., 2015; Jalayer and Zhou, 2016; Ghasemi et al., 2016; Baratian-Ghorghi and Zhou, 2015; Zhou et al., 2016) . Due to the availability of aggregate dataset, in this study the macroscopic logit market share model was developed to demonstrate the mode choice decisions. The market share model reduces to a utility function, which is a function of a number of independent vehicle type characteristics, and socioeconomic and policy variables that vary by state. The share variation of EVs over states (in addition to their variation over time) help separate and examine the different determinant factors of adoption that vary across states but are correlated in time. On a state level, consumers' preferences for different vehicle type choices are affected by a number of predictor variables. Monetary variables include: risk tolerance for new technologies (labeled as income variable which is considered as effective consumer discount rate for future energy cost), gasoline price (gas price variable), electricity price (Eprice variable) and annual miles travelled (VMT variable, which is related to annual fuel consumption). Non-monetary factors include government incentives (incentive variable) and rates of urban roads (urban variable). As such, the final specification of the utility function for EV in state at time can be defined as:
We define as the share of EVs, and 0 as the share of conventional fuel type vehicles. EV is in state at time point in such a way that + 0 = 1. These fractions can be developed as follows (Bierensk, 2003; Gruca and Sudharshan, 1991) :
To solve and estimate different coefficients of the utility function, the fraction model was transformed as below:
This equation takes a generalized linear form, and its coefficient can be estimated as linear regression via maximum likelihood. Model definition is based on the identifying the effective factors on EV utility improvement and adoption versus conventional vehicle. It is clear that the variables with positive signs encourage the use of EVs, and increasing the value of variables with negative signs increases the use of conventional vehicle.
Panel Data Regression Model
The panel data regression was chosen for the analysis of EV adoption because this methodology provides various benefits, and overcomes some of the limitations of time-series and cross-section studies (Kennedy, 2003) . Panel data can deal with heterogeneity resulting from the variation of some unmeasured explanatory variables that affect the behavior of people in different states. It also overcomes the problem of omitted time-series variables that influence the behavior of people in different states uniformly, but differently in each time period. Panel data alleviates multicollinearity problem by creating more variability through combining the variation across states with variation over time. The equation for a panel data regression is (Washington et al., 2011) :
where refers to the cross-sectional units (states), refers to the time periods, is the constant, is the set of explanatory variables, and is the coefficients of explanatory variables. One-way and two-way error component models for disturbances are specified respectively as follows:
where is the unobserved cross-sectional specific effect, is the unobserved time effects, and is the random disturbances. There are two different approaches to estimate various parameters of the model: fixed effect and random effect. When and are assumed to be fixed parameters that need to be estimated, and remainder random disturbances are independent and identically distributed such that ~(0, 2 ), the model is called fixedeffect. When , and are considered random such that ~(0, 2 ) ~(0, 2 ), ~(0, 2 ) and and are independent of the , the model is called random-effect (Baltagi, 2008) .
Data
In order to develop the model of the equation (3), data from various sources, presented in Table 1 , were merged into one usable data set. The Department of Energy, Energy Efficiency and Renewable Energy Division have recorded the number of EVs in use over different states from 2003 to 2011. The statistical analysis used data from the following states: Arkansas, Alabama, Arizona, California, Colorado, Florida, Georgia, Illinois, Massachusetts, Michigan, North Carolina, New Jersey, New York, Ohio, Oklahoma, Oregon, Tennessee, Vermont and Wyoming. These states were selected because the available data have no missing records over this period of time. The dependent variable in the developed model is the logarithm of the annual state EV share, which is defined as the number of EVs in use as a percentage of all registered vehicles in the state for that same time period. The annual number of registered vehicles was obtained from the Federal Highway Administration (FHWA). The incentive variable in this study is a dummy variable that considers statewide tax incentives, rebates and other benefits. In order to convert this data to a monetary value, the price of electric vehicles over time is needed. Based on the data availability on electric vehicles price, this study only considers if states provide incentives on EVs or not (1 or 0).
Estimation Results
Statistical Software SAS was used in this analysis to estimate the intercept and coefficients of the model as presented in Table 2 . Fixed-effects and random-effects with both one-way and two-way error components are considered as various panel-data models in order to estimate the coefficient of the effective factors of the EV share.
Fixed Effect Models
The one-way fixed-effects regression catches cross-sectional variances by defining unobservable specific effects for each state, while considering the impact and significance of each explanatory variable over time, averaged across all the states in our data set (Stock and Watson, 2003) . The results demonstrate all the variables have the proper sign. The income per capita is positive and significant, representing the increase of EV shares with increased income growth. This can be interpreted as economic situation of society. While the vehicle prices is not available over time, higher income as a surrogate of lower electric vehicles prices leads to more EV shares. Average vehicle miles traveled (VMT) per capita is not significant. Typically due to the "range anxiety" issue, it is generally expected that people and households with high VMT are less likely to buy EVs. Even though driving an EV can save fuel costs due to the relatively lower costs of electricity per mile, saving finances is rarely mentioned as a motivation for purchasing EVs as the high capital cost does not justify the fuel savings. This could be due to the non-linear relationship with VMT and probability for purchasing EV. As VMT increase, consumers are more likely to buy EVs. But the probability of purchasing a vehicle decreases once VMT exceed a level of threshold. Electricity price has a proper sign, indicating lower utilization of EVs in areas with higher electricity prices.
Gasoline price has a positive effect on EV shares. Since higher gasoline prices increase the trip cost of conventional vehicles and decrease the utility of these vehicles, raised gasoline prices leads to higher EV adoption. The significance of the gasoline price variable was not considerable because of the correlation with electricity prices (Pearson Correlation Coefficient is equal to 0.414).
The urban roads variable is one of the factors that has a positive effect on EV use. Over 75% of urban U.S. commuters travel less than 40 miles per day, which is perfect for the range of today's EVs; thus, it can be interpreted that the willingness of people to adopt EV instead of conventional vehicle is higher in urban areas (National Household Travel Survey, 2009 ). Referred to the results of the model, the urban road coefficient is positive and strong enough to affect the states' EV shares. Incentives are a significant factor that increase the use of EVs and demonstrates that establishing them encourages people to use EVs over time.
In addition to predefined significant explanatory, there are some unobservable factors that were estimated for each state separately. The impact and magnitude of unobservable factors on each specific state are introduced by state as fixed-effect dummy variables.
The time-averaged values of number of electric vehicles, income per capita, electricity price, urban roads and incentives are presented for different states in Figure 1 . By using these figures, the impact of unobservable factors as presented in Figure 2 -a can be explained more clearly. For instance, comparing different explanatory variables for Vermont and New Jersey without considering the unobservable factors can lead to misjudgment of EV use in each state. Vermont has less average income, fewer urban roads, less incentives and higher electricity prices compared to New Jersey, which could imply considerable more EVs in New Jersey; yet this is not true. The positive specific fixed effect for Vermont and negative specific fixed effect for New Jersey mean that there are some unobservable factors, which encouraged residents of Vermont and discouraged residents of New Jersey to use EVs. Besides the state specific effects, different time points may affect the share of EVs. In some cases, natural phenomena, economic downturns or other specific events may shock the market share and could change the share of EVs. In order to investigate these effects, a two-way fixed-effects regression was accomplished. The time specific fixed effects are interpreted similarly to the state specific fixed effects and intercept of the model. This means that their negative signs imply more interest and likelihood of using conventional vehicles over EVs at corresponding time points. Presented in Figure 2 
Random-Effect Models
The process of random-effects model is similar to the fixed-effects model in that it postulates a different intercept for each state and/or time, but it crosses different intercepts as having been drawn randomly for possible intercepts. Therefore, these intercepts may be interpreted as random and treated as though they were a part of the error term. The resulting coefficients from one-way and two-way random-effects estimation methods are mostly acceptable in their signs; however, electricity price and urban roads are the only significant variables.
Trends Over Time
The major factors in adoption of new technology are time, awareness and knowledge. This means that over time, those responsible for innovation or change influence others to switch to EVs. To account for the impact of time trends on EV shares, the one-way fixed-effects estimation method considering a time trend variable was applied. This was chosen because the two-way fixed-effects regression wipes out the effect of time trend because same values were used for each state. The results represent the rational signs for all variables. Electricity price, urban roads and time trend variables are significant factors. The sign and strength of the time trend variable demonstrates the importance and influence of time in convincing people to adopt EVs as a new technology. Note that the adjusted R 2 of this result is greater than the one without the time trend variable, which can validate the impact of time trend on EV diffusion. In addition to increasing knowledge of new technology over time, the variety of available models of EVs (over time) can encourage and increase the adoption rate of EVs. 
Sensitivity analysis
A sensitivity analysis was conducted in order to test the base model's overall robustness and the sensitivity of different variables. The one-way fixed-effects model is considered a base model to present the impacts of different explanatory variables. Sensitivity analysis was conducted as the variations of the model's goodness of fit (explanatory power) with the removal of any individual explanatory variable from base model. Results from Models 1-4 are presented in Table 3 . Removing the electricity prices variable from the base analysis in Model 1 resulted in decreasing the adjusted R 2 from 0.732 to 0.705. Taking out the variable of urban roads and incentive in Model 2 and Model 3 reduced the adjusted R 2 to 0.726 and 0.734 respectively. Considering the results of the sensitivity analysis, it is possible to conclude that the significance order of electricity prices, urban roads and incentives is declining. Despite the significant effects of these three factors on EV shares, eliminating these factors does not decrease the explanatory power significantly (adjusted R 2 equal to 0.702). This shows that state specific fixed effects explain the majority of EV share variation. Thus, in order to analyze the sensitivity of different states' EV shares with respect to electricity price, urban roads and incentives, the variation of state specific fixed effect on models 1-3 was analyzed.
However, coefficients of developed base model are based on the various states data over time. The impacts of various explanatory variables on each individual state are unknown. In order to analyze the sensitivity of each state EV share with respect to electricity prices, urban roads and incentives, the effect of removing one of the explanatory variables on states' fixed-effect factors were investigated. When a variable remove from the model, it is considered an unobservable variable, which influences the model through the fixed effect. Removing a variable that has a positive correlation with a state's EV share increases the state's fixed-effect factor and vice versa. Table 4 describes the order of states' sensitivity with respect to proposed explanatory variables.
According to the base model results, it is expected that electricity price would be a deterrent factor, which thereby reduces the use of EVs. The negative values Model 1 in Table 4 demonstrates discouraging impacts of electricity prices in various states. Vermont is the most sensitive state with respect to electricity prices. Georgia's sensitivity to electricity price is the lowest and the encouragement impact of this factor on EV adoption is negligible; however, the results imply that the electricity prices do not have negative effect on EV adoption rate in Illinois, Massachusetts, Florida, and New Jersey.
Summary and discussion
In the United States, demand for travel has been consistently increasing for several decades as a result of population and economic growth (Heaslip et al., 2014 , Soltani-Sobh et al., 2016b . Higher travel demand results in more oil consumption, creating an increased dependency on foreign oil in the past decade. At the same time, emissions from the transportation sector have contributed the major share of air pollution and caused significant concerns regarding air quality and public health. In order to address concerns regarding oil dependency and air quality, increasing the use of electric vehicles is helpful. Hence, the motivation of this study is to draw connections among the market share of EVs, government incentives and different socio-economic factors. In this research, a macroscopic binomial logit market share model was conducted to investigate the transportation modal choice between EV and conventional vehicles. In the proposed model, the mode choice decision was assumed to be a function of income, VMT, gasoline price, electricity price, urban roads and incentive.
The results demonstrate that electricity prices, urban roads and incentives are effective factors on commuters' vehicle fuel type decision. Decreasing electricity prices increases use, while increasing urban roads and incentives increases use and the overall percentage of EVs. Considering sensitivity analysis, electricity price is most influential among these three factors. In addition, a sensitivity analysis of different states' EVs share with respect to these three factors expressed that Vermont has the highest sensitivity to electricity prices, and New Jersey is most sensitive with respect to urban roads and incentives.
Moreover, it was presented that the low EVs share in 2005 and 2006 was due to Hurricane Katrina, and the low share in 2008 was the result of an economic recession. As a result of these events, commuters chose EVs less often in these years. The time trend model results demonstrated that time has impacted and is increasing the use of EVs. It is based on the effect of time on new technology diffusion. Over time, knowledge about new technology increases; thus, people are more ready to accept new technology.
Incentives were considered as a dummy variable, because most incentives are based on the vehicle price, which is unavailable as data over time. In order to have more accurate results, it is suggested to accomplish the modeling on data with monetary incentive values. Another suggestion for future work is incorporating the amount of EVs' infrastructure into model development. Construction of more charging stations will increase the possible operation range of EV, which will increase utility of EVs and will encourage commuters to adopt EVs. This variable was not used in this study due to the lack of data history on EV infrastructure over time for various states.
The results of the study can be a policy guide on how to incentivize the further adoption of electric vehicles and to understand the regional differences in EV adoption. In other words, it can be used as a policy instruction for various states to implement the best policy to increase the number of electric vehicles. States with high sensitivity to electricity prices are willing to decrease electricity prices, while state which are sensitive to incentives would investigate on providing financial advantageous for EV adopters.
